ﬂ buildings

Article

Bayesian Neural Networks for Thermal Resilience Optimization
Under Future Climate Scenarios: A Case Study of Affordable
Housing in Tropical Regions

Ibrahim Elwy 1-*{%, Yasser Ibrahim 2(*, Fatima Zahrau Muhammed !, Xiong Zhilun ! and Aya Hagishima -3

W) Check for updates

Received: 8 December 2025

Revised: 4 January 2026

Accepted: 7 January 2026

Published: 13 January 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Interdisciplinary Graduate School of Engineering Sciences, Kyushu University, Kasuga City 816-8580, Japan;
fatyzahra93@kyudai.jp (FZ.M.); xiong.zhilun.374@s kyushu-u.ac.jp (X.Z.); ayahagishima@kyudai.jp (A.H.)
Architectural Engineering Department, Military Technical College, Cairo 11766, Egypt;
yasser_ibrahim@mtc.edu.eg

Faculty of Engineering Sciences, Kyushu University, Fukuoka 819-0395, Japan

*  Correspondence: ibrahim.elwy@kyudai.jp

Abstract

Global warming and increasing heat events necessitate long-term assessments of passive
design strategies to ensure thermal resilience under future climatic conditions. Although
machine-learning-based Surrogate Models (SMs) offer timely approximation of building
performance compared to conventional simulation-based approaches, the lack of uncer-
tainty quantification raises concerns about the reliability of their design optimization
outcomes. This study aims to develop a robust surrogate-assisted optimization frame-
work, based on a probabilistic Bayesian Neural Network (BNN) model and supported
by an uncertainty-aware objective function. The framework is applied to an affordable
housing case study in Surakarta, Indonesia, evaluating its generalizability under current
and future climatic scenarios for 2050, 2070, and 2090. Thermal resilience is assessed
through overheating hours exceeding acceptability limits in Southeast Asian context, us-
ing a parametric workflow implemented in Ladybug-tools and Grasshopper 3D. Com-
pared to simulated test data, the BNN model demonstrates reliable predictive accuracy
and probabilistic inference (R? = 0.99, MAE = 0.52%, CRPS = 0.38%). Furthermore, val-
idation against re-evaluated optimal solutions shows low error ranges (RMSE = 0.43%,
MAE = 0.33%), outperforming the deterministic SM optimization approach—using Arti-
ficial Neural Networks—by a factor of five. Overall, the uncertainty-aware framework
provides a feasible, overconfidence-resistant, and reliable surrogate-assisted optimiza-
tion method, identifying optimal solutions closely matching those from simulation-based
optimization while reducing computational time by 96%.

Keywords: Bayesian Neural Networks; Probabilistic Surrogate Models; thermal resilience;
affordable housing; uncertainty-aware optimization; climate change

1. Introduction

Global urbanization is projected to reach 70% by 2050 [1], with nearly 90% of this
growth occurring in developing countries [2]. Tropical regions, which accommodate 43% of
the world’s population [3], are experiencing rapid and often unplanned urban expansions,
exacerbating social and spatial inequalities that increase the vulnerability of low-income
communities to climate change impacts [4]. This vulnerability is predominantly driven by
rising housing and operational costs—particularly energy expenses [5]—together with the
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poor thermal performance of affordable dwellings constructed using lightweight materials,
minimal insulation, and limited provision for natural ventilation or active cooling [6-9].
These characteristics contribute to severe indoor overheating under global warming and
intensifying extreme events [10-13], underscoring the urgent need for climate-responsive
passive design strategies as long-term adaptation measures.

The short-term effectiveness of passive design strategies for affordable housing in
tropical regions has been extensively documented [6,14-17], particularly the roles of natural
ventilation [18], shading [19], and insulation [20] in mitigating overheating risk and reduc-
ing energy demand. However, long-term assessments of building performance (BP) under
projected—rather than present—climatic conditions remain comparatively limited. Existing
studies addressing future climate impacts (e.g., Ref. [21-24]) often evaluate a narrow set of
climate scenarios or investigate a restricted subset of passive design parameters. Further-
more, while recent analyses have demonstrated that the effectiveness of specific passive
measures may degrade under future climate projections [23-26], systematic investigations
that quantify their relative and evolving influence on thermal resilience across multiple
climate change scenarios are still scarce. This highlights the need for unified, large-scale
evaluation frameworks capable of supporting reliable design decisions across multiple
future climate scenarios, at a scale that is computationally challenging using physics-based
simulations alone.

To this end, machine-learning-based Surrogate Models (SMs) have gained increasing
attention as effective and computationally efficient BP approximation methods [27,28].
SMs emulate the behavior of complex physics-based simulations in real-time, facilitat-
ing design space exploration, optimization, and sensitivity and uncertainty analysis [29].
Within the field of Building Performance Optimization (BPO), however, the majority of
surrogate-assisted frameworks remain fundamentally deterministic, producing single-
point predictions without considering surrogate uncertainty [28]. This limitation becomes
particularly critical when optimization algorithms operate in sparsely sampled or under-
represented regions of the design space, where surrogate predictions can be unreliable yet
overconfident, misleading the search process toward false optima [28]. This risk is further
amplified in generalized SMs trained across multiple climates or building contexts, where
prediction conditions may substantially deviate from those represented in the original
training data.

Despite these recognized limitations, existing surrogate-assisted optimization frame-
works largely lack mechanisms to quantify and incorporate surrogate uncertainty into
design decision-making. In practice, optimization algorithms implicitly assume uniform
confidence across the design space, treating surrogate predictions as equally reliable re-
gardless of training data density, interpolation distance, or contextual variability. As a
result, current frameworks may yield design solutions that appear optimal in a determin-
istic sense but cannot be considered robust or reliable when SM predictive uncertainty
is non-negligible.

Table 1 summarizes recent studies that incorporated SMs for BP prediction and op-
timization, with emphasis on surrogate uncertainty treatment. Advances in probabilistic
SMs based on Gaussian Process (GP) and Bayesian Deep Learning (BDL) have emerged
as promising tools for annual energy prediction [30], hourly load forecasting [31], and
uncertainty-guided infill (adaptive) sampling for efficient optimization [32]. Nevertheless,
most probabilistic approaches in building performance research either analyze uncertainty
solely for predictive interpretation (Category B) or exploit predictive variance as a heuristic
for sampling efficiency (Category C). In such cases, surrogate uncertainty is not explicitly
integrated into the optimization objective or decision criteria, particularly when assess-
ing thermal resilience across multiple climate scenarios. Even when Ensemble Learning
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Methods (ELMs) are employed to enhance optimization reliability (e.g., [33]), the result-
ing improvements primarily stem from approximating variability among base models
rather than formally quantifying surrogate uncertainty. Consequently, the optimization
outcomes of these methods remain effectively deterministic and still exhibit overconfidence

in sparsely sampled or noisy regions of the design space.

Table 1. Surrogate models and uncertainty treatment in BP prediction and optimization.

Use in Design

Category *  [Refs.] SM Type Application Context L’E:::rti::ty Optimization/ Relevance to This Work
Exploration
Single-
mulltril-%be 'eS:ive Deterministic
timization Ensemble methods to SM-assisted BPO with
[33,34] ELM _optinuizaton, None improve BP no surrogate
minimizing thermal dicti .
comfort or carbon prediction accuracy uncertainty
emissions quantification
A
Ensemble Deterministic
[35] ELM Optimizing annual disagreement Adaptive (infill) SM-based BPO with
energy consumption . . sampling uncertainty-guided
(committee variance) A
sampling
[36] BDL Energy flexibility Epistemic + aleatoric
assessment uncertainty Probabilistic SMs in
building performance
[30] BDL, GP Annufil %oad Epistemic uncertainty BP predic- 1% P
prediction . . researc
B tion/forecasting only Uncertainty is
[31] cP Time-series load Explicit GP predictive (no optimization) analyzed /visualized
. forecasting distribution but not used for ’
[(37] GP Calibration of energy Explicit Bayesian design optimization
g models posterior
SM-assisted BPO
Uncertainty guided
Single- or Efficient Global efficient exploration
multi-objective - - AP by maximizing
optimization Implicit GP predictive Optimization E 4
C [32,38-40] GP opum ! variance (epistemic (EGO)/Evolutionary xpecte
minimizing energy - R Improvement (EI)
. uncertainty) search for infill N .
consumption, carbon samplin Deterministic decision
emissions, and cost ping making, no
uncertainty-aware
optimization
. A novel, resilience-oriented BPO framework
Multi-scenario - . using a generalized BNN
h | resili Explicit aleatoric + ) . .
[This study] BDL thermal resilience epistemic uncertainty Enabling surrogate uncertainty-informed

optimization under

(posterior sampling)

building design decision

climate change Uncertainty-aware objective using risk metrics

with epistemic and coverage penalties

* Category (A): Classical deterministic SM-assisted BPO; (B): Probabilistic SMs for other applications (no optimiza-
tion); and (C): Probabilistic SMs for optimization.

To address this gap, this study is the first to formulate surrogate-assisted thermal
resilience optimization as a probabilistic decision-making framework, in which surrogate
uncertainty is explicitly incorporated into the objective function. A generalized Bayesian
Neural Network (BNN) surrogate model is developed to predict thermal discomfort while
quantifying surrogate uncertainty through predictive distributions. Apart from physical
building model uncertainty, the framework distinguishes between aleatoric uncertainty,
representing inherent variability and noise in the simulated data, and epistemic uncer-
tainty, reflecting the BNN'’s lack of knowledge due to uneven or limited sampling of the
design space.

The proposed framework is demonstrated using a representative affordable housing
case study in Surakarta, Indonesia, evaluated under current and future climatic scenarios for
2050, 2070, and 2090. Thermal discomfort is adopted as a resilience-oriented performance
metric, enabling the investigation of the effectiveness of passive design strategies under
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(a) Floor plans

RUSPIN
module

progressive climate change. By integrating predictive distributions, epistemic uncertainty
penalties, and coverage-aware risk metrics into the optimization objective, the framework
enables robust design decision-making while maintaining computational efficiency.

In summary, this study aims to:

e Develop and validate a probabilistic generalized SM capable of simultaneously pre-
dicting thermal discomfort and quantifying surrogate uncertainty;

e Systematically investigate the changing influence of passive design strategies on
thermal resilience across future climate change scenarios;

e Demonstrate robust surrogate-assisted BPO, enabling reliable design decisions in-
formed by surrogate predictive uncertainty.

2. Methodology
2.1. Case Study, Energy Modeling and Climatic Scenarios

Based on extensive field measurements and observations of the indoor environmental
condition and occupant behavior in three slum-upgrading projects in Surakarta, Indone-
sia [41], a northwest-oriented two-story dwelling (T1) was selected as the case study. The
dwelling (Figure 1) is constructed using the dry-joint precast concrete system “Rumah
Unggul Sistem Panel Instan” (RUSPIN), which represents a widely adopted affordable
housing typology in Indonesia, particularly in post-disaster reconstruction due to its low-
cost, rapid assembly, and seismic resistance [42,43]. The house comprises a living space and
a bathroom on the first floor and a bedroom on the second floor with an adjacent terrace,
often used as a second bedroom.

F T (b) Perspective

I
—_ ) |
S H}Ewm | \
s 'E 9’\4 i |
g = // | A A
nE—1 !
Terrace % 1 0 0 O D
d o
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Figure 1. Floor plans (a) and Honeybee model (b) for the basic configuration of the target dwelling
T1, adopted from [18].

A detailed building energy model was developed using a parametric simulation work-
flow implemented through the Ladybug and Honeybee plugins of Grasshopper 3D [44].
The EnergyPlus model strictly reflects the as-built geometry, spatial configuration, construc-
tion materials, and documented occupant behavior of the dwelling. It was modeled as three
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separate thermal zones—living room, bathroom, and bedroom, whereas the surrounding
buildings were modeled as opaque shading objects. Envelope material properties are
summarized in Table 2. Internal partition walls shared with the adjacent dwelling were
modeled as adiabatic surfaces, while the ground was represented as deep moist soil.

Table 2. Physical and thermal properties of building envelope materials used in simulation.

Building Material Thickness Density =~ Thermal Conductivity  Specific Heat
Component [m] [kg/m?®] [W/m-K] [J/kg-KI
Walls Autoclaved Aerated 015 1400 06 840
concrete blocks

Roof Galvanized steel plate 0.0015 7680 4498 418
Windows Clear single glass 0.006 2500 0.9 750
Entrance door Wood 0.001 608 0.08 1200
Ceramic porcelain 0.01 2300 13 840
Floor Concrete 0.10 2322 231 832

Airflow interaction between floors was represented using the default configuration of
Honeybee Airflow Network (AFN) component, with the staircase opening modeled as an
air boundary to account for the wind- and buoyancy-driven air exchange. In addition, door
ventilation settings were customized using a Python script, which is combined with an
energy management system (EMS) for aperture operation schedules, ensuring consistency
with monitored occupancy patterns and ventilation behavior. To ensure reproducibility,
details regarding customized scripts for door operability, EMS, and operation schedules
are provided in Supplementary Material S1.

Ventilation-related parameters and material properties were calibrated based on the
available field measurements and in situ observations reported in [41]. Following calibra-
tion, the simulation model was verified against measured indoor air temperatures over a
20-day period (7-26 October 2023). Since the bedroom zone exhibited greater overheating
vulnerability from direct exposure to untreated metal roofing, it was selected for examining
the performance impact of passive design interventions. Verification results showed a
consistent performance between simulated and measured temperatures in the bedroom
zone, with a Root Mean Squared Error (RMSE) of 1.0 °C, and a Mean Absolute Error (MAE)
of 0.8 °C. In addition, normalized Mean Bias Error (nMBE) and Coefficient of Variation in
the RMSE (CVRMSE) were found to be +0.14 and 3.15, respectively, satisfying frequently
adopted calibration criteria of hourly data, as reviewed by Coakley et al. [45].

Although the monitoring period was limited in duration, it corresponds to typical
climatic conditions in Surakarta, which exhibits relatively small seasonal variability in
ambient air temperature (Figure 2). The purpose of the calibrated energy model is not to
predict absolute long-term indoor temperature trajectories, but to provide an empirically
informed baseline for comparing thermal comfort performance of alternative passive design
strategies. Accordingly, the calibrated parameters—of envelope material properties and
ventilation-related behavior—were considered representative for establishing the base case
model used in subsequent parametric simulations. Long-term material aging, climatic
variability, or stochastic occupant behavior were therefore not considered by the calibration
process. Addressing these additional sources of uncertainty is beyond the scope of the
present study, which focuses on the robustness of surrogate model predictions in design
optimization applications under climate variability.
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(a) Monthly distribution of dry-bulb temperature
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Figure 2. Monthly distribution of dry-bulb temperature (a) and relative humidity (b) of the seven
climate scenarios.

The energy simulation boundary conditions were generated by Meteonorm v8.2 [46]
as Typical Meteorological Year (TMY) datasets of Surakarta, representing the current
(contemporary) climate and six future weather files for the years 2050, 2070, and 2090, each
under Representative Concentration Pathways (RCPs) of 4.5 and 8.5—indicating medium
and high emission scenarios, respectively. The dry-bulb temperature distributions for
the seven meteorological datasets (Figure 2a) show a pronounced warming trend across
all months. Moreover, the corresponding relative humidity distributions are displayed
in Figure 2b, revealing seasonal variation while exhibiting minor shifts among temporal
datasets. Further details on the generation of future climate scenarios, including the
underlying climate models ensemble, scenario assumptions, and the final generation of
hourly TMY files, are provided in Supplementary Material S2.

2.2. Database Generation and Preprocessing
2.2.1. Passive Design Parameters

We adopted nine design parameters (p2—p10) for database generation of the bedroom
model, representing envelope- and geometry-related passive cooling strategies that are
widely investigated in affordable housing in tropical regions. Room orientation and climatic
scenario (weather file) represented two additional parameters (p1 and p11), to account for
contextual variability. The name and acronym of each parameter, as well as their upper and
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lower bounds, are shown in Table 3. The lower bounds of zero in p4, p5, and p6 indicate the
absence of the corresponding design strategy. Moreover, maximum values of WWRs were
constrained by the available fagade area, considering the prefabricated structural system
and the operable terrace door in the front fagade, as illustrated in Figure 3.

Table 3. Passive design parameters used for database generation.

Parameter Name Units Bounds
pl Orientation (Or) ° (degrees) 0-360
p2 WWR for the front window (WWR-Fr) % 15-55
p3 WWR for the side window (WWR-51) % 20-75
p4 Overhang shading projection (Shd_Proj) m 0.00-1.50
p5 XPS insulation thickness for roof (R_XPS_t) m 0.00-0.15
pé XPS insulation thickness for walls (W_XPS_t) m 0.00-0.15
p7 Solar absorptance for roof (R_SA) - 0.10-0.90
p8 Solar absorptance for wall (W_SA) - 0.10-0.90
p9 Windows thermal transmittance (Win_U) kWh/m?2K 0.11-1.98
p10 Windows solar heat gain coefficient (SHGC) - 0.11-0.77
pll Weather file index - 0-6

p5. Roof XPS thickness (R_XPS_t)

4. Shading Projection p7. Roof solar absorption (R_SA)

(Shd_proj)

—
p2 & p3. WWR -
p9. Windows
p10. Windows SHGC
. Wall XPS thickness (W_XPS_t)
I I 8. Wall solar absorptance (W_SA)

Figure 3. Passive design parameters (p2-p10) used for the bedroom zone.

Operational strategies related to occupant behavior were not treated as design param-
eters in this study. Instead, they were prescribed based on field observations of the target
dwelling and held constant across all design cases and climate scenarios. As detailed in
Supplementary Material S1, entrance door operation followed fixed schedules reflecting
observed practices that are unrelated to thermal discomfort, while window openings were
assumed to operate at their maximum feasible availability throughout the year. This as-
sumption is consistent with typical behavior in naturally ventilated low-income housing
in similar climates, where occupants extensively utilize available openings for ventila-
tive cooling under current conditions and where projections of future behavioral change
remain highly uncertain. By fixing operational behavior, the present study isolates the
performance and resilience of passive design strategies under progressive climate change,
acknowledging that scenario-dependent operational behavior represents an additional
source of uncertainty beyond the scope of this work. Occupant adaptation to outdoor
climate is therefore represented at the population level through the adopted adaptive
comfort formulation with wider acceptability limits, as discussed in Section 2.2.2.
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2.2.2. Indoor Thermal Comfort Metric

Previous investigations in comparable climatic contexts have reported higher thermal
adaptive capacity than that prescribed by the ASHRAE standard 55 Adaptive Comfort
Model (ACM) [47,48]. Accordingly, we adopted an ACM formulation specifically tailored
for free running and mixed-mode buildings in Asian and tropical climates, using the com-
fort Equation in (1) derived by [49,50] as a regional adjustment to the original framework
proposed by de Dear et al. [51].

To coms = 0.31 Tpo + 19.1 (1)

where T, come is the comfortable indoor operative temperature, and Ty, is the prevailing
mean outdoor temperature. Within the ACM framework, acceptability limits of +2.5 °C
and £3.5 °C around T, com¢ correspond to 90% and 80% occupant acceptability limits,
respectively. The wider 80% acceptability band reflects a greater degree of thermal tolerance,
which has been shown to better represent adaptive behavior in naturally ventilated and
mixed-mode buildings across various contexts [52,53].

In this study, we assessed thermal comfort using the 80% acceptability limits, where
thermal discomfort was quantified as the percentage of annual hours exceeding these
limits. Under extreme future scenarios, such as RCP8.5-2090, the maximum outdoor dry-
bulb temperature exceeds 38 °C (Figure 2a), substantially diminishing the effectiveness of
natural ventilation and challenging occupants” adaptive capacity. This highlights the need
for robust passive cooling strategies to ensure thermal resilience. Since overheating was
most pronounced in the bedroom zone [54], we adopted the annual percentage of hours
hotter than the acceptability limit (BR_pct_hot) as the thermal comfort metric.

Notably, the absolute magnitude of pct_hot is inherently dependent on the selected
comfort model and the width of the acceptability band. Alternative ACM formulations or
narrower comfort ranges would lead to completely different discomfort levels. However,
the relative comparison of passive design alternatives and the observed trends progressive
climate change should remain consistent when applying the same ACM and acceptability
criterion for all design cases.

2.2.3. Sampling Strategy and Data Preprocessing

A previous study evaluated the generalizability of SMs across multiple climatic condi-
tions by systematically comparing the settings of ELMs and their sampling strategies [34].
The results indicated that increasing the sample size beyond 500 cases per climatic condition
significantly raised computational cost but provided only marginal improvements in SM
accuracy. Therefore, 500 Sobol” sequence (SS) samples were generated for each of the seven
climatic scenarios, resulting in a total of 3500 samples in the present study.

It should be noted that the SM is intended to emulate the response of the calibrated
physics-based simulation model for large-scale parametric applications with multiple
design variables—such as sensitivity analysis and optimization—rather than to predict
measured indoor conditions directly. Therefore, the generated database of passive design
parameters and simulation output was subsequently used for conducting all SM training,
testing, and validation, following common practice in surrogate-assisted BPO studies.

Data preprocessing was subsequently applied to transform raw parameters into train-
able features through feature adjustment and normalization. The adjustment included
encoding the orientation parameter (p1) into sine and cosine features (x1 and x2 in Table 4)
to account for its periodic nature. Additionally, several continuous climatic indicators—
namely annual dry-bulb temperature (T_db), relative humidity (RH), global horizontal
radiation (GHI), and wind speed (V)—were initially considered based on previous cross-
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climatic surrogate modeling studies [55,56], where their suitability to replace categorical
weather data indices (p11) was investigated.

Table 4. SM input and output features.

Feature Parameter Name Units Bounds
x1 pl Or_sin - 0-1
x2 pl Or_cos - 0-1
x3—x11 Same as p2-p10 in Table 3, respectively
x12 pll CDD - 1758.82-3142.04
Output (y) BR_pct_hot Y% 0-100

Although these meteorological variables are critical drivers of thermal comfort and
natural ventilation, their effects are already fully captured in the underlying EnergyPlus
simulations used to generate the training dataset. At the surrogate modeling stage, climatic
indicators were therefore introduced solely to distinguish temporal climatic scenarios,
rather than to reconstruct meteorological conditions. An exploratory statistical analysis of
the seven weather datasets (Table 5) shows that annual distributions of key meteorological
variables exhibit nearly invariant distributions across scenarios, with changes in mean (p),
standard deviation (o), and percentile ranges (p10 and p90) remaining limited and without
clear separation between both RCP scenarios.

Table 5. Annual statistics of key meteorological parameters across the seven climate scenarios.

Weather T_db RH GHI %
CDD* HDD *

Dataset u o plo p9 p o plo p9 p o plo p9 p o plo p9o

Current 29.18 254 255 323 688 1491 50 89 39572928 9 822 185 179 02 42 1758.82 0
RCP4.5-2050 30.55 2.57 26.8 335 69.31 1464 51 89 4059 2954 10 825 185 179 02 42 225579 0
RCP4.5-2070 3099 258 272 34 694 1471 51 90 4082 296.7 10 831 1.85 178 0.2 4.2 2412.39 0
RCP4.5-2090 31.34 2.58 27.6 344 694 1458 51 90 40952949 9 828 186 179 0.2 4.2 2544.88 0
RCP8.5-2050 30.77 2.58 27.1 339 6948 1487 51 90 40082973 9 829 18 18 02 42 23395 0
RCP8.5-2070 31.84 259 28.1 349 6953 1479 51 90 4014 2954 9 829 184 179 02 41 272993 0
RCP8.5-2090 3298 2.61 29.26 36.1 69.59 1479 51 90 4024 299 9 827 185 18 02 42 3142.04 0

* CDD and HDD were, respectively, calculated using default base temperatures of 23 °C and 18 °C.

In contrast, the Cooling Degree Days (CDD) indicator provides a compact and physi-
cally meaningful feature that directly reflects the long-term climate-change effects relevant
to overheating risk. Low varying climate indicators—including Heating Degree Days
(HDD)—were consistently negligible for the study location and therefore provided no
additional explainability across scenarios. Accordingly, CDD (x12) was retained as the sole
climatic feature used to represent temporal climate variability in SM training.

Moreover, all input features were normalized using standard scaler from Scikit-learn
Python library [57], to align the distribution of feature magnitudes of mismatching scales
with the prior assumptions of model weights, leading to smoother and more stable training.
Finally, the full dataset of twelve input features and a single output of bedroom’s pct_hot
(Table 4) was partitioned into 70% for training, and 30% equally allocated to validation and
testing. The partitions were stratified by CDD, to ensure a balanced sample distribution
across all climate scenarios.

2.3. Probabilistic Surrogate Model Development and Validation

We developed a Bayesian Neural Network (BNN) model, using TensorFlow Proba-
bility [58], to achieve prediction accuracy while quantifying the underlying uncertainty of
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model outputs through probabilistic distributions of model parameters. Unlike determinis-
tic Artificial Neural Networks (ANN) that learn fixed weights, the BNN parameters are
characterized by random probability distributions that evolve during the training process,
allowing the model to express the degree of uncertainty of its predictions.

The network architecture consisted of two variational hidden layers with 128 and
64 neurons, respectively, both employing the Rectified Linear Unit (ReLU) activation.
These variational layers (DenseVariational) learned probability distributions—rather than
point estimates—over weights and biases. The output layer parametrized a univariate
normal likelihood using two neurons, the predictive mean (i) and standard deviation (o),
while a final DistributionLambda layer defined the probability distribution for the target
variable (BR_pct_hot), enabling probabilistic inference rather than deterministic regression.
Generally, the Bayesian learning process aims to estimate the posterior distribution p(6|D)
of model parameters (), given training data (D), as expressed in Equation (2):

p(6|D) e« p(D[6) p(6) )

where p(6) represents the prior distribution of BNN weights and biases; p(D|0) is the like-
lihood of observed data given parameters; and p(6|D) represents the posterior distribution
approximated via variational inference.

We assigned a trainable normal prior for the weights and biases for each DenseVaria-
tional layer, and defined an approximate posterior as a mean-field Gaussian distribution
with learnable mean and scale parameters. To optimize these distributions, the BNN mini-
mized the negative Evidence Lower Bound (-ELBO), which defined the model’s overall
loss function £(0), as expressed in Equation (3):

L(0) = —Eq(o)[log p(D|6)]+KL[q(0) || p(6)] ®)

where q(0) is the variational approximation to the posterior. The first term is the expected
negative log-likelihood (NLL) of the data, while the second term is the Kullback-Leibler
(KL) regularization, which keeps the posterior close to the prior. The NLL was explicitly
expressed for normal predictive distribution of multiple data points (N) as in Equation (4):

N 1 N . 2
Laur=—Y_ logp(yilw, o1) = 5} |log(2n0? ) + % @
i=1 i=1 :

where Ly is the loss function corresponding to NLL, which maximizes the likelihood of
observed (simulated here) targets (y;) given the model’s predictive mean (y;) and variance
(O'iz) for each data point (i).

All hyperparameters were manually tuned using the training—validation split. The
selection of Adam optimizer (learning rate = 0.01) with 1000 epochs and a batch size
of 32 yielded the most stable convergence and lowest NLL among tested configurations.
Overall, training stability was ensured through feature standardization, KL regularization
inherent to the variational layers, and the heteroscedastic likelihood formulation, which
jointly prevented divergence and variance collapse during optimization. Early stopping
(patience = 40 epochs) was employed as an additional safeguard against overfitting rather
than as the sole stabilization mechanism. All computations were conducted using Python
3.11.9, implementing TensorFlow v2.20.0 and TensorFlow Probability v0.25.0, on a system
running Windows 11 with a Core i9-13900K CPU and 32 GB of RAM.
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Uncertainty Decomposition

During inference, multiple stochastic forward passes were performed, yielding an
ensemble of predictions, each with predictive distribution. The predictive mean §(x)
and total variance Var(§(x)) were computed accordingly, as expressed in the following
Equations (5) and (6), respectively:

§(x) = Eq()[1e (x)] 5)

Var(§(x))= Vatq(e) [1to (x)] + Eq(e) |03 (¥)| 6)

where 14 (x) and ¢ (x) denote the predicted mean and variance, respectively, of the normal
likelihood for a given input x using the model of parameters 0. The symbol (') denotes the
model’s predicted values to distinguish them from the observed data.

As discussed in Section 1, the first term in Equation (6) represents epistemic uncertainty,
which was captured through the stochastic sampling of weights in the DenseVariational
layers. The second term represents aleatoric uncertainty, which was modeled by predicting
0o (x) in the DistributionLambda output layer. Although the calculation of uncertainty
is primarily epistemic in conventional BNNSs, to capture aleatoric uncertainty, the output
layer was defined as a heteroscedastic normal likelihood that jointly predicts the mean
and scale parameters of the target (y) distribution. This hybrid structure allowed for the
quantification of both uncertainty sources within a single probabilistic model.

Moreover, to ensure the reliability of the predictive variance, we applied a global
calibration factor (c) to the predicted standard deviation, after model training was com-
pleted. This calibration consists of a single global scaling factor that was estimated using the
validation subset only, without modifying the learned BNN parameters or the predictive
mean §(x). The calibration factor was computed as expressed in Equation (7), rescaling the
predicted uncertainty and therefore has limited capacity to overfit.

1 (Yi‘“i)z
. 7
¢ Ni; criz—l-s @

where ¢ is a small constant added for numerical stability. The calibrated variance (ca)2 was
subsequently used in all evaluations and uncertainty analyses. Calibration performance
was evaluated by comparing proper scoring rules and empirical coverage probabilities on
the training, validation, and held-out test subsets (Section 3.2.2) to further assess stability
and generalization beyond the data used for calibration.

2.4. Model Application and Design Optimization Process
2.4.1. Sensitivity Analysis Across Climatic Scenarios

We conducted a global sensitivity analysis (SA) using Sobol method to identify the
most influential passive design parameters to thermal comfort performance and examine
how their relative influence evolves under each climatic scenario. The SA was conducted
for the seven climatic scenarios, considering the ten continuous input variables (p1-p10 in
Table 3), bounded within the ranges used for database generation (Section 2.2.1) to maintain
a feasible design space.

To effectively explore the multidimensional design space, the Sobol quasi-random
sampling from SALib Python library was employed with a base size of N = 2048, producing
N(2 x 10 variables + 2) samples for each climatic scenario (45,056 evaluations). Based
entirely on the uncertainty-aware BNN model, the output §(x) in Equation (5), which
is the predictive mean of 50 stochastic passes, was evaluated for each sampled set of
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design parameters. Here, we considered only the mean, since the focus was on building
performance sensitivity, not on the SM’s own uncertainty. Finally, first-order (S1) and
total-order (ST) Sobol indices were computed, where both indices and their 95% confidence
intervals were saved for subsequent cross-climatic comparisons.

2.4.2. Resilience-Oriented Building Performance Optimization

As a proof of concept, the optimization was conducted for three selected representative
climate scenarios, namely current, RCP4.5-2090 and RCP8.5-2090. In addition, we fixed
two orientations of Northwest (NW, the original orientation of the dwelling) and Southeast
(SE, representing the opposite orientation). This way, for each optimization run, the
nine passive parameters P2-P10 were optimized within their bounds as in Section 2.2.1,
to minimize annual pct_hot for a specific climatic scenario and orientation. Since the
BNN model produced a predictive distribution of possible pct_hot values for a given
design (x), the optimization minimized a robust, risk-aware objective function J(x) (in
Equation (8))—integrating predictive uncertainty and model validity—as proxy for the
annual pct_hot (§(x)):

J(x) = CVaRy [Y(x)] + }\epio-epi,norm(x) +vd(x) 8)

The first term, CVaR, represents the conditional value at risk of the predicted discom-
fort distribution Y(x) at a confidence level « of 0.90. This basically measures the predicted
discomfort within the worst 10% (1 — « fraction) of the outcomes, thus minimizing tail
risk rather than the distribution mean. The distribution of possible outcomes Y(x) was
sampled from the SM’s predictive normal likelihood distribution N (g (x), 0% (x)) across
128 stochastic passes (different 0 realizations) per optimization generation. The second
term penalizes the epistemic uncertainty of the SM, expressed as the normalized standard
deviation (Gepinorm), to avoid converging around SM under-sampled areas. We normalized
each individual epistemic uncertainty (oep;(x)) relative to the median uncertainty of the
current population (per generation) as expressed in Equation (9):

_ Gepi (X)
median (oep;) + €

Oepi,norm (X) (9)
where the small constant € avoids division by zero. The relative contribution of Oepinorm (x)
to the overall objective J(x) was tuned to 0.1, using the weighting coefficient Acp;. This
normalization ensures balanced optimization by making the uncertainty penalty scale
consistent across all climates, generations, and objective ranges. The third term, y$(x),
imposes an out-of-distribution (coverage) penalty that prevents the optimizer from explor-
ing regions of underrepresented SM training data. We defined the coverage region in the
normalized feature space using a k-Nearest-Neighbor (kNN) distance metric, with k = 5.
For each climatic scenario w, we precomputed the coverage baseline of the corre-
sponding normalized training subset (Ziyin w), by calculating the kNN distance dy(z;) for
each sample z; € Ziy,in w, excluding self matches. We then calculated the 95th percentile to
define the coverage radius Tw; and the 99th percentile of the residuals ((d(z;) — Tw) ) to
define the normalization span. Subsequently, during the optimization, the KNN distance
dy (x) to Zirainw for each normalized design candidate (x) was calculated. The coverage
penalty ¢(x) was then obtained using a smooth softplus-based ramp, as expressed in
Equation (10):
log(l +exp [sdk(x)i_m} ) P

span,,

log(1 +exp(s))

b(x) = (10)
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where s represents the softplus steepness (s = 10), and p is the exponent growth rate, which
was set to p = 2. Generally, ¢(x) approached zero for design candidates located within
the coverage region (dy(x) < Tyw). Moreover, the scaling factor y was dynamically linked
to the population’s median CVaR in the first generation, ensuring that the penalty ¢(x)
maintained a comparable magnitude to the pct_hot values across all runs. This entailed
an increase in J(x) by almost 10-20%, which was fixed across all generations to maintain
consistent penalization strength.

The optimization employed the Differential Evolution (DE) algorithm as implemented
in pymoo Python library using a population of 100 candidates for 100 generations. At each
generation, every individual was evaluated through 128 Monte Carlo forward passes, to
produce a stable, low-variance estimate of J(x) for parent selection and mutation. The com-
bination of each climate and orientation was optimized independently, where the 20 best
solutions of the final generation were initially selected for inverse-scaling and reevaluation
in EnergyPlus to verify the surrogate-predicted performance. Subsequently, the final gen-
erations from all cases were re-evaluated in EnergyPlus and compared with high-fidelity
simulation-based optimizations. This workflow targeted final optimal solutions that can
achieve low discomfort values, low epistemic uncertainty, and high in-distribution cover-
age, underscoring designs that remain robustly comfortable across future climates under
SM’s uncertainty.

3. Results and Discussion
3.1. Building Energy Simulation

EnergyPlus hourly indoor temperature results for the Bedroom zone were uti-
lized to calculate three adaptive thermal comfort metrics: (1) the percentage of annual
hours with overheating conditions (BR_pct_hot) (%); (2) with underheating conditions
(BR_pct_cold) (%); and (3) the total discomfort hours (TDH) (h). Table 6 shows an
evident progressive intensification of overheating hours in all future scenarios, with
a mean BR_pct_hot increasing over a 16-fold (from 1.4% to 22.9% in the extreme
RCP 8.5-2090 scenario). In contrast, cold discomfort hours percentage (BR_pct_cold) had
almost no impact in the future scenarios, with the maximum value reduced to less than 1%
in the 2050 scenarios. Overheating dominates future discomfort, increasing the mean TDH
from about 188 h (current) to over 2000 h (RCP8.5-2090).

With regard to both national guidance and international habitability benchmarks,
the current overheating percentage (1.40%) falls within the 5% annual deviation from
the maximum T, .,m¢, as specified by EN 16798-1 [59] and CIBSE TM52 [60]. Under
future climatic scenarios, the sharp increase in mean (22.9%) and maximum (48.25%)
overheating duration indicate that operative temperatures would increasingly exceed the
80% acceptability range described by the ASHRAE 55 ACM most of the year. Even though
this model allows for higher temperature tolerances of ~31 °C for naturally ventilated
tropical buildings [49,59], these results suggest that, in the absence of stringent design
codes and targeted passive strategies, maintaining acceptable indoor conditions in future
Indonesian housing will become increasingly challenging.

Figure 4 shows Pearson’s correlations (r) between all design parameters and
BR_pct_hot. The strongest negative correlation with thermal discomfort was consistently
evident for roof insulation thickness (R_XPS_t), with r ~ —0.36 to —0.46 across all scenarios,
while positive correlations were found for solar-gain-related parameters, such as WWR,
solar absorptance, and SHGC. The magnitude of these correlations increases slightly in
future scenarios (compared to the current climate), reflecting an increasing sensitivity to
solar gains. In contrast, window U-value (Win_U) exhibited negligible correlations, under-
scoring the notion that conduction gains are imperceptible relative to solar gains in tropical
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regions [34]. Notably, these pairwise correlations reflected only the monotonic relation-
ships between input and output variables. A cross-climatic global sensitivity analysis was
still required to quantify the unique contribution of each design parameter to the output
variance by accounting for nonlinear interactions and higher-order effects.

Table 6. Simulated thermal comfort metrics in the Bedroom zone in each climatic scenario
in Surakarta.

Climate Output Mean STD Min 25% Median 75% Max
BR_pct_hot 1.40 2.59 0.00 0.38 0.68 1.44 29.28
Current BR_pct_cold 0.75 0.42 0.08 0.43 0.67 1.00 3.20
TDH 187.96 234.78 24 85 138 209 2584
BR_pct_hot 5.28 4.46 0.58 3.05 4.14 592 36.95
RCP 4.5-2050 BR_pct_cold 0.13 0.10 0.00 0.06 0.13 0.18 0.92
TDH 474.01 392.07 52 280 377 537 3238
BR_pct_hot 7.29 4.69 0.99 4.40 6.07 8.33 34.45
RCP 4.5-2070 BR_pct_cold 0.06 0.05 0.00 0.01 0.05 0.09 0.30
TDH 643.24 411.40 87 392 540 735 3025
BR_pct_hot 9.21 5.43 1.63 5.83 7.81 10.80 37.47
RCP 4.5-2090 BR_pct_cold 0.06 0.05 0.00 0.01 0.05 0.08 0.42
TDH 811.69 476.58 143 515 692 951 3283
BR_pct_hot 6.10 4.38 0.86 3.71 5.10 6.92 33.07
RCP 8.5-2050 BR_pct_cold 0.10 0.10 0.00 0.03 0.08 0.15 0.89
TDH 542.95 385.05 75 334 455 616 2905
BR_pct_hot 12.46 5.58 3.22 8.93 11.30 14.38 42.44
RCP 8.5-2070 BR_pct_cold 0.01 0.02 0.00 0.00 0.00 0.01 0.11
TDH 1092.2 489.46 282 782 990 1260 3719
BR_pct_hot 22.92 5.96 10.54 19.03 22.17 25.89 48.25
RCP 8.5-2090 BR_pct_cold 0.00 0.01 0.00 0.00 0.00 0.00 0.06
TDH 2007.9 522.12 923 1667 1942 2268 4227
Current- 0.06 0.14 0.16 -0.05 -0.36 0.02 0.23 0.01 0.06 0.20 1.0 c

RCP4.5_2050 - 0.07 0.10 0.22 -0.07 -0.45 -0.10 0.28 0.14 -0.04 0.22 0.5 '%E

RCP4.5_2070 - 0.05 0.19 0.27 -0.06 —-0.43 -0.08 0.30 0.07 -0.06 0.21 g t,‘l

RCP4.5_2090 - 0.12 0.19 0.24 -0.12 -0.46 -0.11 0.27 0.09 0.02 0.25 00 8 ,:'

RCP8.5_2050 - 0.05 0.19 0.25 -0.05-0.44 -0.05 0.28 0.11 0.09 0.20 §§

RCP8.5_2070 - 0.08 0.17 0.28 -0.08 -0.44 -0.09 0.33 0.12 -0.07 0.30 =05 EE
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= r & s o+ - < < O '
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Input Parameters
Figure 4. Pearson correlation between passive parameters and thermal comfort outputs.

3.2. Surrogate Model Performance

As mentioned in Section 2.3, we manually tuned the BNN SM’s structure and hyperpa-
rameters, i.e., the number of DenseVariational layers, neurons per layer, batch size, learning
rate, and maximum number of training epochs, to ensure its adequate representation of
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Loss (NLL)

the highly non-linear simulated data. Figure 5a illustrates the training history, showing
a smooth and stable convergence, in terms of NLL, for both training and validation loss.
The smooth evolution, together with the absence of divergence or oscillatory behavior,
indicates stable optimization of the BNN model. Note that the training loss leaped to
approximately 4.4 x 10° (outside the plotted range) during the first epoch, then instantly
stabilized. Additionally, Figure 5b shows a close-up view of the final 80 epochs, revealing
an SM convergence around NLL ~ 1.2. The early-stopping criterion ended the training
in approximately 78.9 s, after 865 epochs with no validation loss detected as of epoch 825
beyond NLL ~ 1.16.

0000 (a) BNN Training / Validation Loss (full) 4(b) BNN Training / Validation Loss (last 80 epochs)
—l] —— Train loss —— Train loss
35,000 A ‘ Validation loss Validation loss
30,000 - 31
25,000 - -
4 27
20,000 A = A
A 2 TN ——— o
15,000 41 & 14 M T D i
10,000 - ‘
5000 - 91
e
01 1
0 200 400 600 800 790 800 810 820 830 840 850 860
Epoch Epoch

Figure 5. Evolution of the training and validation NLL loss for the BNN model over the full training
curve (a) (y-axis is truncated at 4 x 10* for visibility), and the final 80 epochs (b).

3.2.1. Prediction Accuracy

To ensure statistical stability in the BNN model output, we ran 100 stochastic forward
passes for each input sample from which the mean and variance of the predictive distribu-
tions were computed. Figure 6 illustrates the predictive performance of the BNN on the
test subset. Each point represents a case of BR_pct_hot (mean of predictive distribution
y(x), while the vertical error bars represent the 95% predictive intervals, derived from
the calibrated variance (co)? (Section Uncertainty Decomposition). The figure confirms a
strong predictive fidelity as the points closely aligned to the diagonal line, with a narrow
spread of uncertainty bands.

The predictive mean values were used to evaluate deterministic performance metrics
(Table 7), where the Coefficient of determination (R?), RMSE, and MAE were reported for
training, validation, and test subsets. The model achieved an R? 2 0.99, with RMSE and
MAE of approximately 0.8% and 0.5%, respectively, across all subsets. A standard ANN
with similar structure and hyperparameters was trained on the same dataset to further
attest the comparable accuracy of probabilistic formulation. Since the deterministic ANN
model had much fewer trainable parameters, it was tuned separately. Hence, a lower
number of neurons per layer and a higher learning rate (of 0.05) were selected to avoid
classical overfitting that would occur when using the same settings of the BNN model.

As shown in Table 7, the higher performance of the BNN on the test set confirms that
the Bayesian formulation did not degrade the mean performance, despite its larger number
of trainable parameters due to the variational layers. Importantly, the close agreement
between training, validation, and test performance metrics suggests that the selected model
configuration does not suffer from overfitting, despite its high predictive accuracy.

The observed accuracy levels are consistent with those reported in earlier studies
employing Bayesian deep learning for building performance surrogates [30,36], notwith-
standing differences in climatic conditions, feature representations, and dataset sizes and
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types. Importantly, the contribution of the present model extends beyond deterministic
accuracy by enabling uncertainty-aware analyses and design applications through fully
probabilistic outputs.

N w H wv
o o o o
1 1 1 1

Predicted BR_pct_hot (4 = 1.96 o) (% time)
o

o
1

0 10 2lo 3lo 40
Simulated BR_pct_hot (% time)

Figure 6. Scatter plot of simulated and SM predicted BR_pct_hot with 95% prediction intervals (on
the test subset).

Table 7. Deterministic and calibrated probabilistic performance metrics across all data subsets.

RMSE MAE CRPS
(%) (%) (%)

Train 09925  0.699 0506 - - -
Detiﬁ;‘mic valid 09893  0.803 0573 - - -
Test 09882  0.884 0597 - - -

Train 09918 0730 0473 03364 07351 09727

BNN Valid 09894 0799 0512 03648 07067  0.9429

Test 09905 0804 0521 03768 0.6876  0.9505

Model Dataset R? PICP;s PICPys

3.2.2. Uncertainty Interpretation

In addition to point-prediction performance, the developed BNN model allowed the
decomposition of output variance into its aleatoric (data-intrinsic) and epistemic (model-
related) components (Equation (6)). Figure 7 illustrates the relative contribution of both
components across the prediction space using the test subset. On average, aleatoric variance
contributed to approximately 89% of the total predictive variance (median ~ 90%) across
the entire output range. The comparatively small epistemic contribution reflects low
sensitivity to parameter uncertainty and indicates stable predictive behavior across weight
realizations, which should not be interpreted as excessive model confidence or overfitting.
Instead, it primarily results from the dense sampling of the design space used for training.
Crucially, this behavior persists when uncertainty is evaluated on the independent test
set, confirming that the reduced epistemic variance is not an artifact of training-data
memorization. Although these findings confirm that the SM can identify regions—in the
design space—of greater predictive uncertainty, the model’s suitability for risk-informed
design applications was further verified through structured uncertainty metrics.

https:/ /doi.org/10.3390/buildings16020328


https://doi.org/10.3390/buildings16020328

Buildings 2026, 16, 328

17 of 27

Epistemic
Aleatoric

w H wu
1 1 1

Variance (0?) of predicted BR_pct_hot
(% time)?
N

0 T T T T T T T
0 5 10 15 20 25 30

Simulated BR_pct_hot (% time)

Figure 7. Uncertainty decomposition of aleatoric and epistemic variances along the simulated
BR_pct_hot.

In line with the recent recommendations for structured uncertainty evaluation [61],
we assessed the reliability of the predictive distributions using the Continuous Ranked
Probability Score (CRPS) and the Prediction Interval Coverage Probability (PICP). CRPS
resembles the MAE metric but evaluates the entire predictive distribution by comparing
the Cumulative Distribution Function (CDF) of the predictions with that of simulations
(observed data). PICP, on the other hand, quantifies the empirical coverage rate of the
predicted intervals. Hence, PICPgg (1 = 10) and PICPg5 (i &= 1.960) are expected to cover
68% and 95% of the target values, respectively.

Both metrics, summarized in Table 7, were computed for all subsets, achieving CRPS
of 0.34-0.38% and empirical coverage probabilities ranging between 0.69 and 0.74 for
PICPgg, and 0.94-0.97 for PICPgs. These values indicate that the predicted distributions
are well centered with the simulated data, confirming the BNN model’s reliability for
probabilistic inference. Furthermore, the consistency of CRPS and PICP values across
training, validation, and test subsets further demonstrates that the uncertainty calibration
does not induce subset-specific overfitting and confirms the robust generalization of the
SM beyond the data used for calibration. Together, the deterministic and probabilistic
results validate the SM’s accuracy and reliability, confirming its suitability for subsequent
cross-climatic sensitivity analysis and resilience-oriented design optimization.

3.3. Parameter Sensitivity Shifts Across Scenarios

Global SA of the seven climate scenarios revealed clear patterns of each parameter’s
dominance over pct_hot, either by considering their direct effect (S1 index) or interactions
with all other parameters (ST index). Table 8 shows S1 and ST values for the key passive
parameters across all scenarios, while Figure 8 introduces examples of SA behavior under
selected climates, showing the sensitivity shifts over progressively warming projections.
Under the current climate, the roof insulation thickness (R_XPS_t) was the most dominant
driver of overheating, with an S1 of approximately 0.44, followed by the roof’s solar ab-
sorptance (R_SA), with S1 ~ 0.09. The combined “direct” influence of these two parameters
(~53%) over BR_pct_hot variance, clearly underscored the dominant role of roof’s heat
transfer in achieving thermal comfort for such lightweight tropical dwellings. Their total-
order indices were even larger, with ST ~ 0.86 and 0.44 for R_XPS_t and R_SA, respectively,
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representing the dominant sources of interaction-driven variability in thermal comfort
performance for this climate scenario.

Table 8. SA results for the five key parameters across all climate scenarios, including the 95%

confidence intervals (CI) in parentheses.

Climate R_XPS_t R_SA SHGC WWR_Si Or
Scenario S1(CD ST (CD S1(CD ST (CD) S1(CD ST (CD S1(CD ST (CD S1(CD ST (CI)
Current 0.44 (0.13)  0.86(0.14) 0.09 (0.05) 0.44(0.11) 0.02(0.01) 0.05(0.01) 0.02(0.02) 0.05(0.01) 0.02(0.01) 0.04 (0.01)
RCP45.2050 047(0.1) 0.67(0.08) 0.10(0.04) 0.29(0.05) 0.05(0.02) 0.07(0.01) 0.07(0.02) 0.07(0.01) 0.04(0.02) 0.05(0.01)
RCP45_2070 0.44(0.08) 0.6(0.08) 0.07(0.03) 0.26(0.05) 0.06(0.02) 0.09 (0.01) 0.07(0.02) 0.09 (0.01) 0.05(0.02) 0.07 (0.01)
RCP4.5.2090 039 (0.06) 056 (0.06) 0.10(0.03) 024 (0.04) 0.09(0.02) 0.11(0.01) 0.10(0.02) 0.11(0.01) 0.06(0.02)  0.08 (0.01)
RCP8.5_2050 0.45(0.09) 0.65(0.09) 0.11(0.05) 0.28(0.05) 0.06(0.02) 0.08(0.01) 0.07(0.02) 0.08(0.01) 0.05(0.02) 0.06 (0.01)
RCP8.5_2070  0.37 (0.07)  0.48(0.05) 0.09 (0.02) 0.21(0.04) 0.11(0.02) 0.13(0.01) 0.10(0.02) 0.11(0.01) 0.08(0.02) 0.10 (0.01)
RCP8.5_2090 0.37 (0.06) 0.47 (0.05) 0.09 (0.03) 0.20(0.03) 0.12(0.02) 0.12(0.01) 0.10(0.02) 0.11(0.01) 0.09 (0.02) 0.10(0.01)
Current RCP4.5 2070
R_XPS_t R_XPS_t
R _SA R _SA
SHGC 5= WWR_Si
WWR_Si T5= SHGC
Or % Or
WWR_Fr . WWR_Fr
Shd_Proj 4, W_SA
W _SA - W_XPS _t
W_XPS_t 1 Shd_Proj
Win_U A Win_U
0.0 0i2 014 0?6 Oi8 110 OTO Oi2 014 0?6 Of8 1i0
Sobol index Sobol index
RCP8.5 2070 RCP8.5 2090
R_XPS _t R_XPS_t ——
R_SA R_SA
SHGC SHGC
WWR_Si WWR_Si
Or Or
WWR_Fr WWR_Fr
W_XPS _t W_XPS _t
W_SA W_SA
Shd_Proj Shd_Proj B S1 (first-order)
Win_U Win_U ST (total)
OiO Oi2 0j4 Oj6 0i8 1jO OjO 0i2 0j4 0j6 Oi8 1i0
Sobol index Sobol index

Figure 8. First and Total Sobol indices (S1 and ST) for passive design parameters under four selected
scenarios, sorted by their ST. Error bars represent the 95% confidence intervals.

Given the roof’s direct exposure to solar radiation and its high thermal conductivity
(Table 2), and negligible thermal resistance (metal roofs = zero [62]), conduction heat
transfer tends to be the greatest contributor to the indoor overheating, thereby inducing
an abrupt increase in pct_hot. Both parameters, R_XPS_t and R_SA, control the thermal
resistance of the roof, and hence exhibit the highest importance. Romero et al. [63] utilized
Meteonorm to generate six future climatic scenarios, to test the impact of applying EPS
insulation to two representative housing typologies in four Mexican cities. They concluded
that conduction heat gains through the roof constituted the primary thermal load in both
typologies. Hashemi [64] confirmed these findings where iron roofs performed worse than
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thatched roofs, regardless of the wall material used. Notwithstanding, Zune et al. [21] found
that metal roofs performed as efficiently as thatched roofs only when natural ventilation
was available through the false ceiling.

The partial contribution of the fagade parameters, WWR and orientation to natural
ventilation demonstrates their relatively higher total-order values (ST < 0.05) than their first-
order effects (S1 < 0.02), confirming that their minor contributions were interaction-driven.
Importantly, a clear re-distribution of influence among the passive design parameters
was evident across the projected climate pathways. Gamero-Salinas et al. [24] found that
natural ventilation was the most important parameter affecting overheating in their 3-
story representative building in Honduras. However, a prior study [25] confirmed that its
potential cooling will decrease in future scenarios. In the present study, as CDD increased
from the current scenario (CDD = 1759 °C-days) to the extreme RCP8.5-2090 scenario
(CDD = 3142 °C-days), outdoor air temperature approaches that of the indoors, where
stack pressure is diminished and natural ventilation is thereby suppressed.

Fosas et al. [65] highlighted that higher thermal insulation can be associated with
higher overheating duration and severity, given the lack of adequate ventilation. In this
case, reducing overheating tended to be driven by intercepting, rather than purging,
sensible heat. Consistent with this interpretation, the present results demonstrate the
gradual decrease in the “total” influence of roof parameters to nearly half, with ST values
of 0.47 and 0.2 for R_XPS_t and R_SA, respectively. In contrast, the parameters associated
with solar gains and facade geometry, particularly, SHGC, side fagade WWR (WWR_Si),
and orientation (Or), exhibited a notable consistent increase in influence, with S1 values
surpassing that of R_SA in RCP8.5-2070 and 2090.

This SA multi-scenario cross-evaluation demonstrated that controlling the conductive
and radiative heat exchange through the roof alone remained effective for mitigating ther-
mal discomfort in the present scenario. However, the notable shift in thermal performance
sensitivity indicated that thermal resilience was more dependent on facade-driven solar
control measures in future scenarios. Furthermore, the gap between S1 and ST, tended
to diminish in warmer scenarios (Table 8). This rather increasing direct influence of most
parameters suggests that the optimization of their individual influence could be as effective
in future design guidelines for tropical housing as optimizing their synergetic influence. In
the cross-climatic BPO stage, however, we retained all the parameters, to avoid excluding
any potential secondary interactions.

3.4. Surrogate Uncertainty-Aware Optimal Solutions

Across all scenarios, the uncertainty-aware objective J(x) consistently guided the op-
timization toward designs with low BR_pct_hot, while exploring design-space regions
close to the training data distribution (¢(x) ~ zero). For example, as shown in Table 9,
the most extreme scenario (RCP8.5-2090, NW-oriented bedroom) yielded optimal designs
with a predictive p of approximately 10%, with relatively tight predictive distributions
(CVaRgge, = 11.95%, 0 =~ 0.9%). Furthermore, the optimal design cases in less extreme sce-
narios exhibited almost negligible overheating time (predicted u between 0.47% and 1.9%),
in agreement with previous findings that passive measures remain highly effective under
current —or mildly warmer- climatic conditions [24,63]. Supplementary Material S3 pro-
vides a summary of the surrogate-assisted optimal solutions in six optimization scenarios,
as sorted by J(x).
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Table 9. The most robust five surrogate-assisted optimal solutions for the case RCP8.5-2090, NW.
and o denote the BNN’s predictive mean and standard deviation, respectively, while “sim” represents
the re-evaluated BR_pct_hot using EnergyPlus.

Design Parameters

o1 p2 p3 pd p5 p6 p7  ps  po pio (P CV@R & w0 sim
1 3434 015 02 149 006 015 01 012 035 011 1222 1193 0 1005 0.89 10.26
2 3434 015 02 141 006 014 01 011 034 011 1223 1194 0 1008 088 1023
3 3434 015 02 143 006 014 01 011 020 011 1224 1195 0 1003 089 10.4
4 3434 015 02 149 004 015 01 012 017 011 1225 1195 0 998 091 1017
5 3434 015 02 146 005 014 01 010 056 011 1225 1196 0 1009 088 1022

Note: Shaded columns indicate the variables used for direct comparison in Section 3.4.1.

3.4.1. Validation of Surrogate-Derived Optimal Solutions

Previous studies verified surrogate-assisted optimal solutions, given that SMs may
produce misleading outputs in under-represented regions of the design space [66,67].
EnergyPlus re-evaluation of the final generation is therefore recommended to provide a
more reliable basis for assessing the robustness of the SM-guided search and identifying
potential false optima. To contextualize the benefits of the uncertainty-aware surrogate
optimization, we employed both the deterministic ANN model (Section 3.2.1) and the
BNN model in six validation scenarios. Figure 9 exemplifies this validation, by comparing
the ANN’s outputs and BNN's predictive u against the (re)simulated BR_pct_hot, for the
RCP8.5-2090 scenario. Overall, the BNN predictions for the optimal design cases were
congruent with their simulated counterparts, with the latter consistently falling within
the BNN’s 95% predictive intervals (o ~ 0.8%). the ANN model, on the other hand,
substantially underestimated overheating hours in both orientations.
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Figure 9. Scatter plot showing the DE final generation of surrogate predictions (BNN p and ANN)
and their re-evaluations, under RCP8.5-2090 scenario, for NW (blue) and SE (red) orientations.

Across the six optimization scenarios (600 DE individuals), the MAE was around 0.33%
with 90th percentile absolute error (AEqg) of ~0.9% and RMSE of ~0.43% (Table 10). The top
surrogate-optimal solutions likewise exhibited absolute differences within 0.32%, with only
a few individuals deviating by approximately 1%, which is typically associated with higher
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¢(x). Contrarily, the ANN model showed higher MAE and RMSE than those of the BNN
model, by a factor of five. Overall, the re-evaluated performance of the BNN model did
not show any over-confidence in optimal regions—unlike deterministic surrogate models—
thus supporting the use of the uncertainty-aware objective function, which suppresses
overconfident predictions and eliminates irrational optima.

Table 10. Aggregate predictive error of the BNN and ANN surrogates, computed over 600 individuals
from the DE final generations.

Model/Error MAE RMSE AEqyg
BNN 0.3309 0.4321 0.901
ANN 1.7812 2.2289 4.1615

3.4.2. Comparison with Simulation-Based Optimization

In this stage, EnergyPlus-based optimizations served as benchmarks for the quality
of the surrogate-assisted re-evaluated solutions. The optimizations were performed in
Grasshopper for 50 generations, each with a population of 50, employing the self-adaptive
DE algorithm with ensemble of mutation Strategies jEDE). Across the six validation scenar-
ios, the surrogate-assisted re-evaluated designs were highly congruent with those obtained
in EnergyPlus-based optimization, with differences in BR_pct_hot ranging between 0.01%
and 0.14% (Table 11).

Table 11. Minimum BR_pct_hot comparison between surrogate-assisted optimization (after re-
evaluation) and simulation-based (EnergyPlus) optimization approaches for all validation scenarios.

Climate Scenario Orientation Surrogate-Assisted (BNN) Simulation-Based
Re-Evaluated BR_pct_hot (EnergyPlus) BR_pct_hot
NW 0.09 0.02
Current

SE 0.03 0.02
NW 2.04 1.99

RCP4.5-2090
SE 1.83 1.75
NW 10.00 9.93

RCP8.5-2090
SE 9.60 9.46

Beyond the objective space agreement, the parallel coordinate plots in Figure 10 show
the top twenty design cases from both optimization approaches, with the design parameters
sorted according to their ST values (Section 3.3). The design parameters of both approaches
consistently prioritized designs with low WWRs, SHGC, and solar absorptance, in the
RCP8.5-2090 scenario (Figure 10c). The same solutions exhibited low-to-moderate roof
insulation thickness (R_XPS_t), and high wall insulation (W_XPS_t) and shading projection
(Shd_proj). These findings are in agreement with [25], regarding the WWRs and with [68],
regarding shading projection, windows U-value and roof and wall insulations. In contrast,
in moderately warm climatic conditions (Figure 10b), the parameters with lower sensi-
tivity values, such as Shd_proj, W_XPS_t, and Win_U, exhibited wider parameter ranges,
indicating that optimum pct_hot could be achieved by multiple parameter combinations.
This effect was even more pronounced in the current climate (Figure 10a), where a broader
set of design configurations can deliver nearly identical pct_hot values, approaching the
simulation-based optima.
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Figure 10. Parallel coordinate plots illustrating the top ten design solutions obtained from
simulation-based and surrogate-assisted optimization for the (a) current, (b) RCP4.5-2090, and
(c) RCP8.5-2090 scenarios.

These results, together with the sensitivity analysis (Section 3.3), highlight potential
limitations in current national design guidelines when evaluated under progressively
warming climates. For example, the Indonesian National Standard SNI-6389-2020 [69]
defines fixed threshold values of 35 W/m? for Roof and Overall Thermal Transfer Values
(RTTV and OTTV), implicitly assuming balanced and static contributions from the three
heat gain components: wall/roof conduction, window conduction, and solar heat gain
through fenestrations, neglecting the varying influence of the design strategies. Moreover,
in case of failure to fulfill the RTTV/OTTV requirements, the standard defines a set of
descriptive guidelines, for instance, to reduce solar absorptance, WWR, SHGC and use
external shade. Although the present findings align with the guidelines, the relative
importance of these strategies was observed to shift substantially across future climate
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scenarios. This suggests that fixed-weight performance indicators may become increasingly
misaligned with actual overheating risk under climate change.

It is important to emphasize that the quantitative results presented here are spe-
cific to the studied dwelling and climatic context and are not directly generalizable to
other building typologies or regions. Instead, the case study demonstrates a transferable
surrogate-assisted, uncertainty-aware optimization approach. The proposed framework
can be applied to other case studies to systematically scrutinize the assumptions embed-
ded in existing building codes and guidelines and to explore climate-responsive priori-
tization of passive design strategies in the future, while maintaining a computationally
scalable manner.

Overall, the adopted surrogate-assisted optimization entailed similar design tenden-
cies to those obtained by the simulation-based approach, with a wide range of design
alternatives, particularly those with the least influencing parameters. This approves the
uncertainty-aware optimization objective—introduced by the probabilistic BNN—as a
feasible and overconfidence-resistant optimization method of passive design strategies.
Despite being the highest-fidelity benchmark, the elapsed time of a single simulation-based
optimization run, in this study, approached 3 h and 10 min, proving computationally
prohibitive, especially for multi-scenario investigations. Contrarily, surrogate-assisted
optimizations of 100 DE generations required almost 7.5 min, with additional 4 min for
re-evaluating the final generation—a 96% reduction in computation time. It is worth noting
that the computational cost of the uncertainty-aware surrogate-assisted workflow is higher
than typical deterministic surrogate optimization processes. This stems from the multiple
stochastic forward passes required to estimate epistemic and aleatoric uncertainty and
compute the tail-risk objective. Although this overhead could be significantly diminished
by using fewer stochastic passes (e.g., below 128), doing so would compromise BNN pre-
diction robustness, as limited sampling weakens uncertainty quantification and increases
overconfidence in under-represented regions of the design space. Hence, the adopted
configuration reflects a deliberate tradeoff between computational efficiency and reliable
uncertainty-aware optimization.

4. Conclusions

This study demonstrated that uncertainty-aware surrogate-assisted optimization can
substantially reduce computational demand while improving reliability, offering a practical
tool to support early-stage decisions in climate-resilient housing design. By incorporating
predictive uncertainty through Bayesian Neural Networks (BNNs), the framework not
only achieves high predictive accuracy but also mitigates overconfident surrogate behavior
that may otherwise mislead optimization toward false optima. This robust performance of
the BNN across current and future climates indicates that uncertainty-aware probabilistic
surrogates are better suited for multi-climatic generalization than deterministic Artificial
Neural Networks (ANNs), whose reliability tends to deteriorate in high-dimensional design
spaces and under future climatic scenarios.

The strong agreement between surrogate-assisted optima and optimization-based
reevaluations confirms that probabilistic surrogates can replace large numbers of computa-
tionally expensive simulations without compromising solution quality. Combined with the
uncertainty-aware sensitivity analysis, the framework enables climate-informed parameter
ranking, thus supporting more robust design decisions.

The analysis revealed that thermal resilience in affordable tropical housing is primarily
governed by roof insulation thickness, roof and wall solar absorptance, window-to-wall
ratio, and glazing solar heat gain coefficient. While roof-related parameters dominate over-
heating mitigation under current conditions, future scenarios show a redistribution of influ-
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ence toward solar-gain-related variables and facade geometry. As overheating intensifies,
the reduction in design resilience margins—relative to the broader range typically observed
under current conditions—signifies the need for adaptive, climate-responsive prioritization
of passive design strategies, rather than reliance on purely prescriptive guidelines.

The proposed uncertainty-aware workflow provides a structured method for inte-
grating physics-based simulation, probabilistic surrogate modeling, and multi-scenario
optimization within a unified decision-support framework. While the numerical findings
of the present study are specific to the selected case dwelling, the primary contribution lies
in the transferable methodology rather than direct generalization of results. The frame-
work is directly compatible with parametric design environments and can be extended
to other building typologies, locations, and regulatory contexts following appropriate
model setup and calibration. By enabling efficient exploration of large design spaces under
multiple future climate scenarios while explicitly accounting for surrogate uncertainty;,
the proposed framework offers a scalable foundation for bridging detailed simulation
studies and policy-relevant assessments, supporting evidence-based justification of existing
design guidelines.

Ultimately, the findings indicate that probabilistic SM optimization tools can support
the development of resilience-oriented design strategies for tropical housing. As climate
warming exacerbates thermal risks, methods that quantify and manage predictive uncer-
tainty will be of vital importance for guiding design decisions and promoting the practice
of performance-based environmental design.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/buildings16020328 /s1. S1: Energy Management System (EMS) and
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assisted optimal solutions per climate—orientation case, ranked by J(x).
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